Decentralized treatment of wastewater has been identified as an area of growth for cyber-enabled sensing and control. One such system that would benefit from embedded cyber components is urine diversion. This research sought to create a cyber-physical system for wastewater collection and treatment. Two subsystems were integrated into the CPS: sensing and actuation. Real-time sensing using low-cost pH and conductivity sensors was used to monitor urine chemistry. Actuation was used to deliver urine to the system and to control urine chemistry. Once integrated, the system used the sensing data to determine when to actuate urine chemistry control pumps. By using urine diversion as a test case, two demonstrations were able to show the applicability of the system created. The first demonstration was able to characterize the flow characteristics of the physical system. The second demonstration was able to mimic and inhibit urea hydrolysis under realistic conditions. Ultimately, the use of this novel CPS approach was able to confirm the benefits of sensing and actuation in wastewater collection and treatment within buildings.
I. INTRODUCTION
''Cyber-physical systems (CPS) are integrations of computation, networking, and physical processes. Embedded computers and networks monitor and control the physical processes, with feedback loops where physical processes affect computations and vice versa,'' [1] with application domains in: communication, security, energy, infrastructure, health care, manufacturing, military robotics, and transportation [2] - [5] . A particular focus of CPS is cities and the movement toward ''smart'' cities. For example, sensor networks can be deployed throughout cities to monitor air quality and inform residents of unsafe levels of pollutants and appropriate level of outdoor activity [6] . Underrepresented in CPS research is application to drinking water and The associate editor coordinating the review of this manuscript and approving it for publication was Giacomo Verticale .
wastewater systems. For instance, an article on the applications of water CPS for water sustainability highlights source water quality monitoring and water distribution system monitoring, and mentions control technologies as an area of future research [7] . Although monitoring water flow and water composition can provide useful information about the system, control is needed to make the system ''smart'' for smart cities applications.
Water and wastewater systems are poised to leverage the advances in electronics and computer science that is exemplified by CPS. For example, Eggimann et al. discuss how a CPS approach could transform urban water management where sensing and data-driven modeling could be used to monitor and control weather, flooding, green infrastructure, wastewater collection and treatment, and decentralized treatment [8] . However, just like the article on CPS applications to water sustainability, [7] the paper by Eggimann et al. is mostly at the VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ idea stage and lacking experimental testing and verification. Finally, Blumensaat et al. conducted a horizon scan of urban water management to identify future opportunities and threats many of which centered on data-emerging data, interaction of data and stakeholders, and data-driven modeling [9] . Again, the horizon scan was focused on the idea stage and not demonstrations of CPS for water management. One area that Eggimann et al. identify as an area of growth for CPS applications is decentralized wastewater treatment. Decentralized treatment allows for separation of valuable waste streams at the source of production. One such example is urine diversion, whereby urine is passively separated from wastewater at the point of collection by using nonwater urinals or urine-diverting toilets and separate collection pipes from those conveying wastewater to a wastewater treatment plant [10] . Urine is stored and treated to recover beneficial nutrient products that would otherwise be produced in highly intensive resource and energy processes. Urine diversion systems (i.e., collecting urine without flush water) also contribute to water conservation. However, due to a naturally occurring reaction called urea hydrolysis, the nitrogen and phosphorus in urine are unstable as urine enters a collection system [11] . Urea hydrolysis transforms the urea-nitrogen into ammonia and bicarbonate, which raise the pH in urine from 6 to 9. At pH 9, phosphorus-containing minerals are more likely to precipitate on the restroom fixtures and pipe networks [11] , [12] . This loss of nutrients in the collection system adversely affects the nutrients that can be recovered in subsequent technologies, which are seeking to recover the greatest amount of valuable product. Controlling urea hydrolysis has been an active research topic, with literature pointing to the addition of acid or base as a strategy for inhibiting the reaction [13] - [17] . As such, a cyber-physical system could be of great benefit for urine diversion systems as an automated, cyber-enable method for controlling the addition of inhibiting chemicals.
The goal of this research was to create a wastewater subcomponent of a building water and wastewater cyber-physical system using urine diversion as a test case. The specific objectives were to (1) design cyber-physical system (CPS) to meet wastewater collection criteria, (2) construct and implement CPS, (3) evaluate accuracy of CPS, (4) demonstrate operation and application of the CPS, and (5) identify the implications of the CPS on wastewater systems within buildings. The objectives were accomplished by integrating sensors, controllers, actuators, data storage, and data analysis with nonwater urinals and wastewater piping.
II. SYSTEM DESCRIPTION
Biodesign C is a laboratory building on Arizona State University's Tempe Campus. It was constructed to LEED Platinum status and it was opened in May 2018. The building is classified under the commercial and institutional (CI) building construction category. CI buildings are defined as those that are used for healthcare, education, recreation, public works, office space, warehousing, or retail. In CI buildings, water use and wastewater production takes place in the restrooms, cooling and heating, and landscaping [18] . A CPS was created for water and wastewater monitoring and control within the building with the premise that building occupancy impacts the water use, water quality, and water conservation within the building. Research has shown that water quality can change in premise plumbing, with increased water age in green buildings being a factor towards decreased water quality [19] . Decreasing water use inside the building from water conservation increases the water age within the premise plumbing, as less water is flowing through pipes to meet indoor water demand. Low-flow water fixtures, such as faucets, toilets, and urinals, reduce water use and are features included in LEED buildings for water conservation. Yet, the sizing of premise plumbing remains virtually unchanged from those found in conventional buildings. The decreased flow within the pipes, due to water conservation, and the conventionally sized pipes leads to increased water age and reduced water quality [20] . This water and wastewater building CPS seeks to study the changes in water chemistry as a function of time and space (see Figure 1 ). With the use of water quality sensors, water quality can be monitored and controlled depending on floor-specific data. The building has been outfitted with a drinking water CPS, which includes pH, conductivity, temperature, chlorine, dissolved oxygen, and oxidation-reduction potential (ORP) sensors at every breakroom sink. As stated above, the drinking water system is highly influenced by water consumption. In the literature, systems have been described that monitoring water quality in the environment and at specific locations, such as within buildings or at points throughout the distribution system. However, a major component of a CPS are the actions taken from the feedback on the system [5] and a gap exists in the literature when it comes to including control in environmental monitoring. As such, the subcomponent on the CPS monitoring the drinking water within the building will fill the gap by controlling water quality via actuating valves. The specific design and operation of the drinking water CPS will be described in an upcoming research paper. The second subcomponent of the CPS described in this research paper seeks to monitor and control urea hydrolysis in nonwater urinals using urine chemistry sensing so as to keep their functionality as a method for water conservation. Nonwater urinals are a common addition to green buildings because of their ability to conserve large amounts of water. Nonwater urinals are also used in urine diversion systems because they are able to collect urine without diluting urine with flush water. However, past implementation has caused to unforeseen difficulties in management of nonwater urinals [21] - [23] . Solutions for increased functionality of nonwater urinals are needed to keep nonwater urinals as viable options for water conservation in commercial and institutional buildings and ultimately paper of a future urine diversion system [17] .
III. EXPERIMENTAL METHODS

A. PHYSICAL COMPONENTS
The urinal testbed held three Kohler Standard Waterless Urinals and three urine storage tanks (see Figure 2 ). The urinals were piped with cast iron to mimic the way urinals are piped in restrooms in CI buildings. Two P-traps were added to the pipe runs to allow for two sampling locations as urine traveled from the urinal to the storage tanks. Each urinal had three sampling locations: trap 1, trap 2, and the storage tank. Three solutions were delivered to the urinal testbed to mimic urine diversion systems: (1) synthetic fresh urine, (2) urease solution, and (3) acetic acid to the urinals. The synthetic fresh urine was made following the recipe presented in Saetta & Boyer, 2017 [14] . Its major components include 500 mM as N of urea, 20 mM of phosphate, 4 mM of calcium, and 4 mM of magnesium. The urease solution was made by dissolving 12.64 g of jack bean urease (EC 3.5.1.5, Sigma Aldrich, powder, ∼1 U/mg) in 250 mL of deionized water (DI). The acetic acid solution was made by diluting glacial acetic acid (CH3COOH, Fisher Chemicals) to make a 2500 meq/L solution.
B. CYBER COMPONENTS
Sensing of the urine chemistry in the urinal testbed was conducted using low-cost sensors and microcomputers. Each urinal used three pH and conductivity sensors from Atlas Scientific that were connected to a VizLore U-IoE controller, which holds a Raspberry Pi 3 Model B. The three urinal controllers were in communication with the cloud, which was responsible to listen to telemetry events from the device, i.e., receive payload and send command to devices from cloud. Google cloud platform was used for data analysis and data storage. The Cloud Datastore is a Not Only Structured Query Language (NOSQL) database where the payload from the controllers from each experiment was stored. NOSQL is a key value pair store, which can be easily extended to add more attributes. This helps in using the same database after adding more sensors to the system to add capabilities to the urinal testbed as sensors are developed. The Cloud App Engine was used to host the website and to see the datastream during the experiments. The controllers were connected to the Internet using an Ethernet connection because of poor Wi-Fi connection in the laboratory. Cloud IoT Core was used to authenticate and ingest the datastream from the controllers. Cloud IoT Core helps by adding more devices and ingesting data from devices in a scalable manner. Each controller was authenticated by a using a public private key pair. The controller was connected to Cloud IOT Core via Message Queuing Telemetry Transport (MQTT). MQTT was preferred because of lower bandwidth usage, lower latency, higher throughput and continuous device connection. MQTT also guarantees a Quality of Service 1, which is that the message is delivered at least once. This lead to no data loss. Also, a device connection status is maintained which helps in knowing whether the device is online or offline. Cloud IoT Core uses Pub/Sub for the datastream. The datastream was pushed to an endpoint where the data format was held and then stored the data in Cloud Datastore. Another pull on the datastream was done to show the data visualization on the website. The controller was controlled from the website via Cloud IoT Core Representational State Transfer Application Programming Interfaces (REST APIs). REST API helps in transferring data/command from the website to the cloud. The cloud further interprets the message and send the appropriate command to the device(s). This also helps in exposing different level of device control to different users in a secure way.
Three peristaltic pumps were used as actuators on the system. To control the synthetic urine pumps a Raspberry Pi 3 was used as the controller running a custom python program. A cable assembly was created to connect the DB-25 connection on the pump to the General Purpose Input Output (GPIO) outputs on the Raspberry Pi 3, via this connection the pump could be started, stopped, and the pumping direction reversed.
In the cloud, two control logics were used to determine when actuation would occur for one of pumps. The first control logic was a reactive control logic that would activate the pump once a threshold pH > 7 was reached for 4 consecutive measurements by one of the sensors in the first P-trap. The second control logic was a predictive model control logic. Four lasso regression models were used to predict the future 4 pH measurements in the first P-trap. The lasso regression models used the last 20 pH measurements, the last 20 conductivity measurements, the time since the last urination event, and the volume of the last urination event to predict the following pH measurement. The logics were held on the urinal controllers, and data was analyzed based on the logic in use locally. Once the measurements and data met the requirements for the logics, a message was sent from the urinal controllers to the pump controller, and the pumps were actuated accordingly.
IV. RESULTS AND DISCUSSION
A. DESIGN, CONSTRUCTION, AND IMPLEMENTATION OF THE CPS
The CPS was designed to monitor and control urea hydrolysis in nonwater urinal systems. A urinal testbed was built as a representative for nonwater urinal systems in commercial and institutional buildings. The cyber components were overlaid on the urinal testbed to create the CPS (see Figure 3 ). The first component of the CPS that was designed was the actuation control. Actuation on the system is an integral component of a CPS. Without actuation, the system cannot respond to the physical components that it is monitoring. The CPS designed in this study was able to control the urine chemistry by way of activating and pausing the system pumps. The pumps were used to mimic the use of nonwater urinals by delivering urine and urease at average volumes. Ultimately, the pump system was designed to have three functions: (1) constant inputs at constant frequencies, (2) constant inputs at random frequencies, and (3) random inputs at random frequencies. The urine and urease delivery pumps acted as a simulator during the creation of the control CPS. The variability found in real restrooms would have introduced too many variables, and would not have provided the data needed to model the system. Therefore, the urine and urease pumps were implemented while the CPS was created and tested, but the pumps for urine and urease are not components of implementation of the control CPS once the system is applied in the real restrooms. By implementing this simulation of urination events into the urinal testbed, the testbed became a tool that could be used to test a myriad of treatments and scenarios for urine diversion research.
The pump controller was able to control up to 3 pumps at a time and in its original iteration could start, stop, or reverse direction on any individual pump. To run an automated pumping experiment the program accepted three input values; ''On Time'', ''Off Time'', and ''Cycles''. The ''On Time'' variable determined the pump run time, it would remain off for a period determined by the ''Off Time'' variable in seconds and would repeat for the set number of ''Cycles.'' The second iteration of the pumping program added a random parameter that would make the pumping events happen at random intervals. The urination events would occur at random intervals between 10-20 min and the urination event duration would also be a random variable between 10-40 s for the input number of cycles. There would be a 20 s urease addition event immediately following each urination event.
The second component of the CPS was the ability to monitor urine chemistry. Two measurements, pH and conductivity, have been shown to acts as surrogates for the urea hydrolysis reaction when ammonia and urea cannot be directly measured [24] . In order to control urea hydrolysis, the CPS had to have the capability of measuring pH and conductivity in real-time. The collection pipes for each urinal were designed to have two P-traps that would hold urine between urination events. The pH and conductivity sensors were placed in the P-traps as a way of monitoring the urine chemistry as a function of time and space. The storage tank for each urinal also held a set of pH and conductivity sensors as a means of monitoring the urine chemistry as urination events occur. When experiments began, the cloud sent a universally unique identifier (UUID) with the start message to all the 3 controllers. This UUID was used to give each experiment a unique fingerprint. Table 1 shows the attributes sent by each controller in each payload and Figure 4 shows the final architecture of the CPS.
For the third iteration of the program, a publish-subscribe method was used to listen for a message informing the system that pH had risen above the specified set point. When this message was received a third, independent from the other two, pumping event would be initialized for 20 s to add acetic acid to the system. The system would then ignore messages for 10 min and then would return to listening for the message again after that time period elapsed. The 10 min cool down period was used as a buffer to prevent acid addition overdose, because there was a delay in pH readings as they only change after a urination event occurs and moves new liquid into the p-traps where the sensors are located. If an acid addition event occurs just after a urination event ends, it could be up to 20 min until the next urination event occurs. After the cool down period the program would continue to monitor for the acid addition flags until the number of cycles were completed for the urine and urease additions. Details on experimental results using the third iteration of the system can be found in Saetta et al, 2019 [25] .
The system design was compared to systems described in the literature and it can be seen that this design fills the gap that exists between the implemented environmental monitoring systems and those proposed in papers of the future applications (see Table 2 ). The vast majority of papers were focused on monitoring environmental systems with sensor networks and data acquisition. While it allows for better understanding of the systems, the monitoring alone does not allow for control of the systems as a CPS proposes. As the popularity of CPS implementation has grown in energy and air handling systems, the water and wastewater field has been slow to implement the control mechanisms in conjunction with monitoring systems. Only five papers proposed the use of monitoring and control in environmental applications. The research presented in this paper is the first application of CPS in urine diversion systems and can be used as a prototype for wastewater monitoring and control within CI buildings.
B. ACCURACY OF THE CPS
Data received from the sensors and controllers was compared to data measured with benchtop pH and conductivity meters. The sensors were placed in a beaker to monitor the pH and conductivity of urine undergoing urea hydrolysis. During urea hydrolysis, the urea in urine is hydrolyzed to form ammonia and bicarbonate. The pH of the solution increases from 6 to 9 as ammonia is formed and the conductivity increases as more charged ions are created (urea is an uncharged organic compound). The reaction is catalyzed by the urease enzyme, which was supplied to the urine at t = 0 and at t = 1000 min. The reaction was monitored for 22 h and measurements were taken every 1 min. Fig. 2 shows the results for pH and conductivity measured by the 9 CPS sensors and the benchtop analogs. As seen, pH measured by the CPS sensors was less than 1% different from the pH measured by the benchtop meter, showing agreement between a known measurement and the CPS sensors (i.e., pH). On the contrary, the CPS sensor measurements for conductivity were not in alignment with the measurements taken by the benchtop conductivity meter. All 9 CPS conductivity sensors were in agreement with each other, while the measurements by the benchtop conductivity meter were offset by a constant value. This may be due to temperature compensation in the benchtop meters that is not incorporated in the CPS sensors. However, the goal of this project was to monitor the changes in urine chemistry over time. The CPS sensors were able to observe the trend of increasing conductivity over time.
The reaction was monitored for 22 h and measurements were taken every 1 min. Fig. 2 shows the results for pH and conductivity measured by the 9 CPS sensors and the benchtop analogs. As seen, pH measured by the CPS sensors was less than 1% different from the pH measured by the benchtop meter, showing agreement between a known measurement and the CPS sensors (i.e., pH). On the contrary, the CPS sensor measurements for conductivity were not in alignment with the measurements taken by the benchtop conductivity meter. All 9 CPS conductivity sensors were in agreement with each other, while the measurements by the benchtop conductivity meter were offset by a constant value. This may be due to temperature compensation in the benchtop meters that is not incorporated in the CPS sensors. However, the goal of this project was to monitor the changes in urine chemistry over time. The CPS sensors were able to observe the trend of increasing conductivity over time.
C. DEMONSTRATION AND APPLICATION OF THE CPS
Once the CPS sensor accuracy was established, the CPS was used in two demonstration experiments to illustrate the range of capabilities and new insights that could be gained with a CPS of this design. The first demonstration experiment was used to characterize the flow in the urinal testbed as plug flow reactor (PFR) versus completely mixed flow reactor (CMFR). A PFR is an ideal reactor type where there is no mixing in the direction of flow [36] . A CMFR is a second ideal reactor type that has uniform conditions within the reactor, as reactants instantaneously mixes with the contents within the reactor [36] . In ideal conditions, a tracer test on PFR shows a spike in concentrations that is sharp and fast moving through the systems, which returns to background levels after the ''plug'' of fluid has gone through the reactor. In a CMFR, the tracer will have more mixing, which elongates tracer curve, showing an increasing in the amount of time it takes the tracer to exit the reactor and for the system to go back to background levels. This research allows for a feasible solution to study the flow patterns within wastewater plumbing systems, as there has never been implementation of sensors within wastewater plumbing for this purpose. Figure 5 shows the results of conductivity as a sodium chloride solution was pumped into the testbed.
With that data, the mean residence time can be calculated. The mean residence time was compared to the theoretical hydraulic residence time (HRT, τ = V/Q), as seen in Figure 7a .
It can be seen that the theoretical HRT overestimated the time it takes the pulse to travel through the system for the 10 min and 30 min frequencies, while it underestimates the time for the 3 min frequency. According to Howe, et al, the mean residence time is ''the average amount of time that water stays in the reactor as determined by the tracer test'' and that, ''ideally, the mean residence time is equal to the hydraulic residence time, but that is generally not the case.'' [36] .
These results are important when it comes to modeling the chemical reactions occurring in the system because using the theoretical HRT instead of the mean residence time will give different results. Figure 7b shows the calculations of the urea concentrations in the effluent of PFR and CMFR reactors using the calculated mean residence time and the theoretical HRT. The first-order rate equations were solved using k = 8.0 × 10 −6 s −1 , the theoretical HRT of the system (V = 1550 mL and Q 3min = 79 mL/min, Q 10min = 23.7 mL/min, and Q 30min = 7.9 mL/min), and the mean residence time calculated from the tracer test. The differences between the concentrations calculated with the theoretical HRT and the mean residence time increase as the frequency of urinations increases, with the 30 min urination frequency showing the largest difference between the theoretical HRT and the mean residence time concentrations. At lower urination frequencies, i.e., 30 min between urinations, the results show the importance of having an accurate HRT of the system, especially because the modeled urea concentrations can differ by approximately 5%. Based on prior research, it was determined that restrooms with lower use frequency could lead to increased urea hydrolysis, and therefore more malfunctions in the urinals [25] . A second result from Figure 7b is the similarity between the PFR and CMFR performance. This is due to the low k value that is characteristic of urea hydrolysis equations and was determined in previous studies [25] .
Prior research into urea hydrolysis in nonwater urinals was not able to show the reactor characteristics that the CPS was able to illuminate. Saetta and Boyer, 2017 concluded that a study on nonwater urinal flow dynamics was necessary to illuminate the reactions that occur as urine travels through collection systems [14] .
Using the CPS allows for characterizing of the effects of use frequencies on the reactor dynamics (seen in Figure 7 ), which was then combined with the known reaction kinetics (data from laboratory experiments), to create the needed logics to control the urea hydrolysis reaction in nonwater urinals. Figure 8 shows a flow chart of the information attained from the CPS to control urea hydrolysis. Without the CPS, nonwater urinals would remain a black box, where urine chemistry undergoes rapid change without being fully understood. Implementation of the CPS allowed for enhanced data acquisition, as prior experiments were only able to see the reaction occurring at a lower resolution. Saetta and Boyer, 2017 was only able to show measurements taken every 30 min, which was not specific enough to determine the flow characteristics of the nonwater urinals [14] .
Building on the results from the tracer test, the second demonstration experiments, as detailed in Saetta, et al, 2019, was to use the CPS to conduct mimicking urea hydrolysis experiments [25] . Urea hydrolysis is the reaction that converts the urea in urine into ammonia and bicarbonate under the presence of the urease enzyme [11] . As this reaction occurs, pH increased from 6 to 9 due to the formation of ammonia and the conductivity increases as more charged molecules are introduced into the urine matrix (the urea molecule is neutral) [24] . The CPS was used to monitor urine pH and conductivity in real time as synthetic urine and jack bean urease were delivered into the urinals at a constant flow and volume for 4 h (see Figure 9 ). The real time measurements were able to capture the increase in pH and conductivity as urine rested in the collection pipes between urination events. Previous studies were only able to show the upward overall trend in measurements, as opposed to the gradual increase in the measurements before the measurements decreased as fresher urine entered the pipes [14] , [24] .
The CPS was then used to control urea hydrolysis by three control logics: acid addition after every urination event, reactive pH threshold control logic, and predictive model control logic [25] . Results of the different control logics can be seen in Saetta et al. 2019 [25] . The reactive and predictive control logic experiments were made possible by the use of the sensors and cloud computing. The determination of reaching either control logic actionable point was conducted in the cloud, and the message for actuation was sent to the controllers via the internet. A user interface was created to set up experiments on the urinal testbed. The interface was used to calibrate the sensors and to decide experiment parameters, such as volume of urine additions and frequency of additions. The user interface also updated data visualization graphs in real-time as experiments were conducted. In combination with the CPS, the user interface makes the urinal testbed a tool for future research on urinal operation and design.
D. IMPLICATIONS AND CONTRIBUTIONS OF THE CPS
The CPS created in this research project is the first system to monitor and control urea hydrolysis in nonwater urinals. As such, it has the ability to transform wastewater and urine collection within buildings. Acid addition at the urinal increases the functionality of nonwater urinals, by inhibiting the urea hydrolysis reaction and decreasing the possibility of precipitation of minerals that lead to clogging [25] . Therefore, it eliminates malfunctioning due to clogging, and allows for continued water conservation in existing buildings and opportunities for increased water conservation in new buildings. Moreover, this CPS could be implemented within existing infrastructure where nonwater urinals are used to reduce indoor water use, or it could be implemented as novel infrastructure whereby the urine diversion system controls the ratio of urea to ammonia in the collected urine for subsequent resource recovery [37] . The specific contributions of the CPS are: (1) improve water conservation in existing buildings by reducing precipitation-induced clogging and malfunction, (2) facilitate the implementation of urine diversion by removing the single point of failure in urine collection, and (3) enable tailored recovery of urea or ammonia in multi-story buildings.
The CPS described in this research was also able to manipulate a reversible enzymatic reaction in real-time by reacting to changes in urine chemistry. Urea hydrolysis can be reversibly inhibited in order to create desired chemical conditions at the point of collection, while allowing for the chemical reaction to progress in the storage tanks to a predetermined final composition [24] . The ability to respond to the changes in urine chemistry in real-time make this CPS unique and a system that uses sensing data and actuation to control urea hydrolysis is not currently available. At the scale of multi-story buildings, there has not been any application of CPS technology to control urine chemistry for urine diversion or water conservation, as shown in this study. Applications of urea hydrolysis control at the point of collection have focused on redesign of urinals and toilets, mainly through the use of calcium hydroxide as the inhibiting chemical, where precipitated nutrient products must be manually collected from each individual urinal and toilet [15] , [38] . Saetta et al, 2019 used calcium hydroxide in existing nonwater urinals and found losses of phosphate in the system due to precipitation of calcium phosphate [25] . Therefore, base addition creates unwanted precipitation and would directly impact the two main goals of implementing the CPS (i.e., improving the function of existing nonwater urinals and inhibiting urea hydrolysis).
Finally, depending on the acid addition frequency and control logic used, the CPS allows for control of nitrogen speciation. If coupled with a urea recovery technology, such as recovery via membrane separation [37] , then acid addition would be implemented to prolong urea hydrolysis inhibition necessary to keep urea as the main form of nitrogen. Conversely, if the goal of the system is to recover ammonia, such as recovery via ammonia stripping [39] , then acid addition is only necessary for urea hydrolysis in the urinals and drainpipes and urea hydrolysis can progress in the storage tank.
V. CONCLUSION
The cyber-physical system created for this research project was able to illuminate what was previously a black box in urine collection systems. In combination with a drinking water CPS, the water and wastewater building CPS will have the unique opportunity to monitor and control water quality and urine chemistry in real time. The system fills a gap in research that has been identified between environmental monitoring and proposed use of CPS in smart cities. The urine diversion CPS described in this research paper was able to mimic realistic conditions of real restrooms in the lab setting. The CPS was used as a tool to understand the system that had not been studied to this detail prior to this study. Moving forward, the CPS components used here should be applied to real nonwater urinal systems in an effort to find an actuation control that could be implemented without needing to build a CPS for every nonwater urinal in use. Since 2009, he has been a Professor with the School of Computing, Informatics, and Decision Systems Engineering and the AVNET Chair of Supply Chain Networks at Arizona State University (ASU), Tempe, AZ, USA. Prior to that, he has been a Professor with the Rensselaer Polytechnic Institute and The University of Arizona, and has been a Visiting Professor (during sabbatical leaves) at various universities in USA, Europe, and Asia. He is the Chief Scientist of the ASU's DHS Center of Excellence in Accelerating Operational Efficiency, and a Senior Scientist of the Global Institute of Sustainability, ASU. He has been an author or coauthor of over 200 articles and the author/editor of four books. His research expertise includes dynamic stochastic networks and their management/control, and he has developed models and systems for making strategic and operational decisions in stochastic networked environments.
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